The functional communications between brain regions are thought to be dynamic. However, it is usually 1 6 difficult to elucidate whether the observed dynamic connectivity is functionally meaningful or simply due 1 7 to noise during unconstrained task conditions such as resting-state. During naturalistic conditions, such 1 8 as watching a movie, it has been shown that brain activities in the same region, e.g. visual cortex, are 1 9 consistent across subjects. Following similar logic, we proposed to study intersubject correlations of the 2 0 time courses of dynamic connectivity during naturalistic conditions to extract functionally meaningful 2 1 dynamic connectivity patterns. We analyzed a functional MRI (fMRI) dataset when the subjects watched 2 2 a short animated movie. We calculated dynamic connectivity by using sliding window technique, and 2 3 further quantified the intersubject correlations of the time courses of dynamic connectivity. Although the 2 4 time courses of dynamic connectivity are thought to be noisier than the original signals, we found similar 2 5 level of intersubject correlations of dynamic connectivity. Most importantly, highly consistent dynamic 2 6 connectivity could occur between regions that did not show intersubject correlations of regional activity, 2 7 and between regions with little stable functional connectivity. The analysis highlighted higher order brain 2 8 regions such as the lateral prefrontal cortex and the default mode network that dynamically interact with 2 9 posterior visual regions during the movie watching, which may be associated with the understanding of 3 0 the movie. 3 1 3 2
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Introduction 4 3
The functional communications between spatially remote brain regions, especially the dynamics of 4 4 connectivity, is a key to understand brain functions (Bullmore and Sporns, 2012; Friston, 2011; Park and 4 5 Friston, 2013) . Recently, the study of dynamic connectivity has drawn increasing research interest, 4 6 especially in resting-state (Allen et al., 2014; Fu et al., 2019 Fu et al., , 2018 Hutchison et al., 2013) . However, due 4 7 to the unconstrained nature of resting-state, it is difficult to elucidate whether the observed changes of 4 8 connectivity across sliding windows are due to real fluctuations of functional communications, or simply 4 9 contrast in 32 interleaved near-axial slices (EPI factor: 64; TR: 2 s, TE: 30 ms, flip angle: 90°). The 1 0 1 voxel size were 3.13 mm isotropic, with 3 subjects with no slice gap and 26 subjects with 10% slice gap. 1 0 2 168 functional images were acquired for each subject, with four dummy scans collected before the real 1 0 3 scans to allow for steady-state magnetization. T1-weighted structural images were collected in 176 1 0 4 interleaved sagittal slices with 1 mm isotropic voxels (GRAPPA parallel imaging, acceleration factor of 1 0 5 3; FOV: 256 mm). For more information for the dataset please refers to (Richardson et al., 2018) . 1 0 6 2.2. FMRI data analysis 1 0 7 2.2.1. Preprocessing 1 0 8 FMRI data processing and analyses were performed using SPM12 and MATLAB (R2017b) scripts. A 1 0 9 subject's T1 weighted structural image was first segmented into gray matter, white matter, cerebrospinal 1 1 0 fluid, and other tissue types, and was normalized into standard Montreal Neurological Institute (MNI) 1 1 1 space. The T1 images were then skull stripped based on the segmentation results. Next, all the functional 1 1 2 images of a subject were realigned to the first image of the session and coregistered to the skull stripped 1 1 3 T1 image of the same subject. Framewise displacement was calculated for the translation and rotation 1 1 4 directions for each subject (Di and Biswal, 2015) . Subjects who had maximum framewise displacement 1 1 5 greater than 1.5 mm or 1.5 o were discarded from further analysis. The functional images were then 1 1 6 normalized to MNI space using the parameters obtained from the segmentation step with resampled voxel 1 1 7 size of 3 x 3 x 3 mm 3 . The functional images were then spatially smoothed using a Gaussian kernel of 8 1 1 8 mm. Lastly, a voxel-wise general linear model (GLM) was built for each subject to model head motion 1 1 9 effects (Friston's 24-parameter model) (Friston et al., 1996) , low frequency drift (1/128 Hz), and constant 1 2 0 offset. The residuals of the GLM were saved as a 4-D image series, which were used for further 1 2 1 intersubject correlation analysis. 1 2 2
Intersubject correlation analysis 1 2 3
The correlations of time series of either brain activity or dynamic connectivity are calculated between 1 2 4 pairs of subjects. If there are N subjects, then there will be N x (N-1) / 2 correlation coefficients. The 1 2 5 statistics of these correlations become tricky, because they are calculated from only N subjects, therefore 1 2 6 not independent. An alternative approach is leave-one-out (Nastase et al., 2019), where the time series of 1 2 7 one hold-out subject were correlated with the averaged time series of the remaining N -1 subjects. The 1 2 8 averaged time series of N -1 subjects were thought to reflect the consistent component rather than the 1 2 9 noisy individual's time series. Therefore, the resulting correlations should be higher than the pair-wise 1 3 0 correlations. Another benefit is that this approach estimates one correlation for each subject, making 1 3 1 group level statistics easier. Therefore, we adopt the leave-one-out approach in the current analysis. 1 3 2
We first performed intersubject correlation analysis on regional activity time series. The 1 3 3 preprocessed BOLD time series were extracted for each voxel and subject in a gray matter mask. For a 1 3 4
given voxel, the time series of one subject was hold out, and the averaged time series of the remaining 1 3 5 subject were calculated. Then the time series of the hold-out subject were correlated with the averaged 1 3 6 time series. This process was performed for every subject and every voxel, resulting in one correlation 1 3 7 map for one subject. The correlation maps were transformed into Fisher's z maps. Group level one 1 3 8 sample t test was then performed to identify regions whose intersubject correlations were consistently 1 3 9 greater than 0. However, the null hypothesis statistical significance testing may not provide much 1 4 0 information of the effect size. There may be only small but consistent correlations for each subject, 1 4 1 which could give rise to very high statistical significance in a one sample t test. Indeed, when doing such 1 4 2 null hypothesis statistical significance testing for intersubject correlation analysis, usually almost all the 1 4 3 brain regions will show somehow significant correlations (Chen et al., 2016) . We are more interested and 1 4 4 focused on the real effect size, i.e. correlation coefficients, in our analysis. We therefore averaged the 1 4 5
Fisher's z maps, and transformed them back into r maps. The continuous r maps were shown in the 1 4 6 results section. 1 4 7
We next performed intersubject correlation analysis on dynamic connectivity using a seed-based 1 4 8 approach. Given that a set of brain regions showed high intersubject correlations of regional activity, we 1 4 9 defined these regions as seeds. We adopted a relatively high threshold of r > 0.45 for the averaged 1 5 0 intersubject correlation map of regional activity to isolate four visual related seeds. Two of the seeds 1 5 1 were located in the medial and posterior portion of the occipital lobe, which mainly covered the lingual 1 5 2 gyrus and calcarine sulcus. The other two seeds were located bilaterally in the middle occipital gyrus and 1 5 3 extended to the middle temporal gyrus. We labeled them as left and right medial visual and lateral visual 1 5 4 seeds, respectively. In addition, we adopted a relatively low threshold of r > 0.35 to isolate the left and 1 5 5 right supramarginal gyrus seeds. For each seed, we performed a voxel-wise correlation analysis, i.e. 1 5 6 calculating intersubject correlations of dynamic connectivity between the seed and every voxel in the gray 1 5 7 matter mask. For two given time series from a seed and a voxel, we used sliding window technique to 1 5 8 calculate dynamic connectivity. The window length was set as 30 time points (60 s) (Nastase et al., 2019), 1 5 9 and the time step was set as 2 time point (4 s). Therefore, the time course of dynamic connectivity had 70 1 6 0 window steps. Similarly, we calculated correlations between the time courses of dynamic connectivity of 1 6 1 a given subject with the averaged dynamic connectivity of remaining subjects for a given voxel. As a 1 6 2 result, there was one correlation map for each seed and subject. 1 6 3
The r maps of correlations of dynamic connectivity were transformed into Fisher's z maps for 1 6 4 group level statistical analysis. Again, we also simply calculated averaged z map for a seed, and 1 6 5 transformed it back into r map. In addition, we performed a voxel-wise repeated measure one way 1 6 6 analysis of variance (ANOVA) to identify regions that showed specific dynamic connectivity patterns 1 6 7 with different seeds. 1 6 8
In addition to the voxel-based analysis, we also performed region of interest (ROI)-based analysis 1 6 9 for in-depth examinations of the dynamic connectivity effects. In addition to the six seeds, we included 1 7 0 four more regions that showed high intersubject correlations of dynamic connectivity with the seeds. 1 7 1
They were left precentral gyrus and left inferior frontal gyrus, which showed high intersubject 1 7 2 correlations of dynamic connectivity with the medial visual seeds, and posterior cingulate cortex and 1 7 3 medial prefrontal cortex, which showed high intersubject correlations of dynamic connectivity with the 1 7 4 supramarginal gyrus seeds. The calculations of intersubject correlations of dynamic connectivity were the 1 7 5 same as the seed-based analysis. 1 7 6
The selections of sliding window length is nontrivial (Fu et al., 2014; Zhang et al., 2013) . In 1 7 7 addition to the 30-TR window length, we also explored other window length of 10 TRs (20 s), 20 TRs (40 1 7 8 s), and 40 TRs (80 s). For each window length, we calculated intersubject correlations of dynamic 1 7 9 connectivity among the 10 ROIs. 1 8 0
Stable functional connectivity 1 8 1
We also calculated stable functional connectivity among the 10 ROIs to compare them with the dynamic 1 8 2 connectivity. First, for each subject, we calculated correlation coefficients across the 10 ROIs, and 1 8 3 transformed them into Fisher's z. Then the z matrices were averaged across the 29 subjects, and 1 8 4 transformed back into r values. Second, we calculated the consistent component of each ROI, i.e. 1 8 5 averaging the time series across the 29 subjects. And then one single correlation matrix among the 10 1 8 6
ROIs was calculated. This connectivity of the consistent component is essentially the same as 1 8 7 intersubject functional connectivity proposed by Simony and colleagues (Simony et al., 2016) . 1 8 8 1 8 9 3. Results 1 9 0 3.1. Intersubject correlations of regional activity 1 9 1
We first calculated intersubject correlations of regional activity for every voxel in the brain during the 1 9 2 video watching (Figure 2A ). The highest correlations were around 0.5. The major regions that had high 1 9 3 intersubject correlations were the visual cortex extending anterior to the fusiform gyrus and middle 1 9 4 temporal lobe. The bilateral supramarginal gyrus also showed high intersubject correlations. The 1 9 5 bilateral precentral gyrus also showed intersubject correlations, but the effect sizes were much smaller. 1 9 6 Figure 2A shows all the voxels with positive correlation values. It is noteworthy that many regions 1 9 7 showed very small intersubject correlations, including largely the prefrontal cortex and anterior temporal 1 9 8 lobe. We defined seed regions where there were high intersubject correlations of regional activity, which 2 0 8 included bilateral medical visual regions, lateral visual regions, and supramarginal gyrus. We next 2 0 9 calculated voxel-wise intersubject correlations of dynamic connectivity with the six seeds, respectively 2 1 0 ( Figure 2B through 2G ). There were widespread brain regions that showed intersubject consistent 2 1 1 dynamic correlations with different seeds. First of all, the effect sizes of the intersubject correlations of 2 1 2 ve dynamic connectivity, i.e. the correlation coefficients, were comparable to those in the intersubject 2 1 3 correlations of regional activity. Secondly, regions with intersubject correlations of dynamic connectivity 2 1 4 turned out to be more widespread and extended to the frontal and temporal regions that did not show high 2 1 5 intersubject correlations of regional activity. Thirdly, the left and right corresponding seeds showed 2 1 6 similar dynamic connectivity patterns, but there are substantial different patterns of dynamic connectivity 2 1 7 among medial visual, lateral visual, and supramarginal gyrus seeds. In order to highlight specific brain 2 1 8 regions that showed dynamic connectivity with different seeds, we performed repeated measure ANOVA 2 1 9 and compared the maps of different level of seeds with other seeds (Figure 3 and Table 1 ). The medical 2 2 0 visual seeds showed consistent dynamic connectivity with mainly lateral brain regions, including the left 2 2 1 inferior frontal gyrus/precentral gyrus, bilateral supramarginal gyrus, and left orbital gyrus/inferior frontal 2 2 2 gyrus. The lateral visual seeds showed consistent dynamic connectivity with several visual regions. In 2 2 3 contrast, the supramarginal seeds showed consistent dynamic connectivity with the precuneus/posterior 2 2 4 cingulate gyrus, medial prefrontal cortex, and bilateral angular gyrus, which basically formed the default 2 2 5 mode network. In order to better understand and interpret the brain regions and connectivity relationships, we further 2 3 6 calculated different types of connectivity measures among a set of regions of interest. In addition to the 2 3 7 six seeds, we defined left precentral gyrus and left inferior frontal gyrus ROIs that showed higher 2 3 8 dynamic connectivity with the medial visual seeds, and posterior cingulate cortex and medial prefrontal 2 3 9 cortex ROIs that showed high dynamic connectivity with the supramarginal seeds. Among the 10 regions 2 4 0 we calculated regular mean functional connectivity ( Figure 4A ) and connectivity derived from the 2 4 1 consistent components ( Figure 4B ). These two correlations matrices look similar, and clearly showed 2 4 2 three clusters of brain regions. The first four regions were all visual. The fifth to eight regions were the 2 4 3 bilateral supramarginal gyrus, and lateralized frontal regions, which were all high order association brain 2 4 4 regions. The last two regions were part of the default mode network, which also showed negative 2 4 5 correlations with the association regions in the consistent component correlations. The intersubject consistent dynamic connectivity matrix ( Figure 4C ) was largely different from 2 5 2 the two stable correlation matrices. Some high consistent dynamic connectivity was observed within the 2 5 3 visual regions. The highest correlation was observed between the left and right medial visual regions (r = 2 5 4 0.70). In contrast, many consistent dynamic connectivity were shown between different functional 2 5 5 ns, n = 
